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Abstract—In this research, we propose the string vector Or sentence pairs into string vectors and define the semantic
based version of KNN as the approach to the text segmen- similarity measure between two string vectors which corre-
tation. The text segmentation may be interpreted into the text ¢35 to the cosine similarity between numerical vectors.
classification, and encoding texts into string vectors improved . N .
previously the text classification performance. In this research, Using the .S|m|Iar|t_y measurg, we modify the K_NN (K
we encode sentence pairs or paragraph pairs into string vectors, Nearest Neighbor) into the string vector based version where
and apply the string vector based version of KNN to the a string vector is directly given as the input data. The
classification task mapped from the text segmentation. As the  modified version is used as the approach to the classifi-
benefits from this research, we expect the better performance, cation task which is mapped from the text segmentation
the more compact representation, and the more transparency . . . i
by doing so. The goal of this research is to improve the Iq this resegrch,. the text segmentatlon is regarded as the
performance of the text segmentation system. binary classification task to which the supervised learning

KeywordsLong Text Segmentation, Semantic Similarity Sim- algorithms are applicable.

ilarity, String Vector, String Vector based KNN Let us mention some advantages which are provided by
this research. In this research, we are able to avoid com-
|. INTRODUCTION pletely the above problems in encoding texts into numerical

Text segmentation refers to the process of putting boundvectors, by doing them into alternative structured forms. It
ary in the location where the transition from a topic tois more efficient to encode texts into string vectors than
another happens. Each text is partitioned into sentences @1o numerical vectors; in encoding texts into string vectors,
paragraphs and pairs of adjacent sentences or paragrapbily tens of elements is required for maintaining enough
are encoded into the structured forms. We prepare thsystem robustness; while in doing them into numerical
set of sentence or paragraph pairs labeled with boundaryectors, hundreds of elements with using feature selection
or continuance as the samples and build the classificatioachemes is required. String vectors which represent texts
capacity by learning them. From a novice text, we generprovide more transparency than numerical vectors; it is
ate pairs of adjacent sentences or paragraphs and put thasier to view the contents referring to only representations
boundary between them corresponding to pairs classifiedhich are string vectors. However, in order to modify more
into boundary. In this research, we assume that the texadvanced machine learning algorithms, we need to define
segmentation is viewed as a binary classification and applynore advanced operations on string vectors.

a supervised learning algorithm as the approach to the task. This article is organized into the four sections. In Section
Let us mention what provides the motivations for doingll, we survey the relevant previous works. In Section |,
this research. After transforming speech texts into writtenwe describe in detail what we propose in this research. In
texts, they need to be partitioned into sentences or parésection 1V, we mention the remaining tasks for doing the
graphs by the text segmentation process. The task may Warther research.

transformed into a binary classification which is an instance

of text categorization [1][2]. In the previous works, encoding

texts into string vectors contributes to the improvement of Let us survey the previous cases of encoding texts into
text categorization performance [11][5]. Therefore, assumingtructured forms for using the machine learning algorithms
that the text segmentation is an instance of text classificato text mining tasks. The three main problems, huge dimen-
tion, we try to propose the sophisticated approach to texsionality, sparse distribution, and poor transparency, have
segmentation. existed inherently in encoding them into numerical vectors.

We mention some agenda which are proposed in thi$n previous works, various schemes of preprocessing texts
research as its ideas. We encode adjacent paragraph pairave been proposed, in order to solve the problems. In

Il. PREVIOUS WORKS
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this surwy, we focus on the process of encoding texts intostring vectors in this research.
alternative structured forms to numerical vectors. In other
words, this section is intended to explore previous works on
solutions to the problems. This section is concerned with encoding words into string
Let us mention the popularity of encoding texts into vectors, modifying the KNN (K Nearest Neighbor) into
numerical vectors, and the proposal and the application oihe string vector based version and applying it to the text
string kernels as the solution to the above problems. In 2008€gmentation, and consists of the three sections. In section
Sebastiani presented the numerical vectors are the standdtttA, we deal with the process of encoding texts into string
representations of texts in applying the machine learningectors. In section IlI-B, we describe formally the similarity
algorithms to the text classifications [6]. In 2002, Lodhi et matrix and the semantic operation on string vectors. In
al. proposed the string kernel as a kernel function of rawsection llI-C, we do the string vector based KNN version as
texts in using the SVM (Support Vector Machine) to the the approach to the text segmentation. In section IlI-D, we
text classification [7]. In 2004, Lesile et al. used the versionfocus on the process of applying the KNN to the given task
of SVM which proposed by Lodhi et al. to the protein With viewing it into a classification task.
classification [8]. In 2004, Kate and Mooney used also theA

. e . ! Text Encodin
SVM version for classifying sentences by their meanings _X . |'g ) .
[9]. This section is concerned with the process of encoding

It was proposed that texts are encoded into tables insted§*tS into string vectors. As shown in Figure 1, the three
of numerical vectors, as the solutions to the above problem$tePS are involved in encoding texts. A single is given as
In 2008, Jo and Cho proposed the table matching algorithri® input and a string vector which consists of words is
as the approach to text classification [?]. In 2008, Jo applie@enerated as the output. The features in each string vector
also his proposed approach to the text clustering, as weft'® posting, statistic, and grammat_lcal rel_atlor_13h_|p5 between
as the text categorization [13]. In 2011, Jo described a& t€xt and a word. Therefore, this section is intended to
the technique of automatic text classification in his patenfl€Scribe in detail each step involved in encoding texts.
document [11]. In 2015, Jo improved the table matching
algorithm into its more stable version [12].

Previously, it was proposed that texts should be en-
coded into string vectors as other structured forms. In
2008, Jo modified the k means algorithm into the version
which processes string vectors as the approach to the text Text Indexing
clustering[13]. In 2010, Jo modified the two supervised

IIl. PROPOSEDAPPROACH

o Word Extraction

Characterization String Vector

learning algorithms, the KNN and the SVM, into the version red

as the improved approaches to the text classification [14]. In t

2010, Jo proposed the unsupervised neural networks, called

Neural Text Self Organizer, which receives the string vector Feature

as its input data [15]. In 2010, Jo applied the supervised efinition

neural networks, called Neural Text Categorizer, which gets Figurel. The Process of Text Encoding

a string vector as its input, as the approach to the text

classification [16]. The first step of encoding texts into string vectors is to

The above previous works proposed the string kernel agdex the corpus into a list of words. The texts in the corpus
the kernel function of raw texts in the SVM, and tables andare concatenated into a single long string and it is tokenized
string vectors as representations of texts, in order to solvento a list of tokens. Each token is transformed into its
the problems. Because the string kernel takes very mucloot form, using stemming rules. Among them, the stop
computation time for computing their values, it was usedwords which are grammatical words such as propositions,
for processing short strings or sentences rather than textsonjunctions, and pronouns, irrelevant to text contents are
In the previous works on encoding texts into tables, onlyremoved for more efficiency. From the step, verbs, nouns,
table matching algorithm was proposed; there is no attempnd adjectives are usually generated as the output.
to modify the machine algorithms into their table based We need to define the relationships between a word and
version. In the previous works on encoding texts into stringa text as the features of string vectors, and mention the
vectors, only frequency was considered for defining featurethree types of them. The first type is statistical properties
of string vectors. In this research, based on [14], we considesf words in a text such as the highest frequent word and the
the grammatical and posting relations between words andighest TF-IDF (Term Frequency-Inverse Term Frequency)
texts as well as the frequencies for defining the features ofveighted one. The grammatical properties of a word such as
string vectors, and encode pairs of adjacent paragraphs ingubjective noun, objective noun, and verb may be considered
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asanotherfeature type. Posting properties of a word which square matrix with symmetry elements and 1's diagonal
indicates its position in the given text, such as the first worcelements. In this subsection, we will describe formally the
in the text, the last of in the text, and the first word in definition and characterization of the similarity matrix.

the last paragraph, may be regarded as a feature type. In Each entry of the similarity matrix indicates a similarity
this research, we define the ten features of string vectors dsetween two corresponding words.. The two wardand

follows: t;, are viewed into two sets of texts which include thefp,
« Highest Frequent Word in the given Text andTj. The similarity between the two words is computed
« Second Highest Frequent Word in the given Text by equation (1),
« Third Highest Frequent Word in the given Text 2|7, N T
« Highest TF-IDF Weighted Word sim(t;, t;) = m (1)
« Second Highest TF-IDF Weighted Word ! J
o Third Highest TF-IDF Weighted Word where|T;| is the cardinality of the set7;. The similarity is
o The Last Word in the Text always given as a normalized value between zero and one; if
« The First Word in the last Paragraph two documents are exactly same to each other, the similarity
o The Last Word in the First Paragraph becomes 1.0 as follows:
Let us explain the process of encoding a text into a string, _ 21T N Ty
once the above features are defined. A text is indexed into sim(ti,t;) = 1T+ T3] =10

a list of words, their frequencies, and their TF-IDF weights, .
and it is partitioned into a list of paragraphs. Correspondingnd if two words have no shared text, N T; = 0 the
to the above features, words are extracted as elements fmilarity becomes 0.0 as follows:
the string vector. As the given text representation, the ten 20T N T

. . ; . . , T3 N T
dimensional string vector which consists of the above feature sim(t;, t;) = T3] + |5 =0.0
values is constructed. The similarity matrix is required for ! _ o
performing the operation on string vectors, and is described he more advanced schemes of computing the similarity will
in section 1lI-B1. be considered in next research.

Let us consider the differences between the word encoding From the text collection, we buildV x N square matrix

and the text encoding. Elements of each string vector whicf@s follows:
represents a word are text identifiers, whereas those of one

S S oo S
which represents a text are word. The process of encoding s; s;z s;Z
texts involves the link of each text to a list of words, where S =
as that of doing words does the link of each word to a list
of texts. For performing semantic similarity between string Sd1 Sd2 ... Sdd

vectors, in text processing, the word similarity matrix is usedy individual words which are contained in the collection

as the basis, while in word processing, the text similaritycorrespond to the rows and columns of the matrix. The entry,
matrix is used. The relations between words and texts arg; . is computed by equation (1) as follows:

defined as features of strings in encoding texts and words.
. Sij = sim(ti,tj)
B. String Vectors
This section is concerned with the operation on stringThe overestimation or underestimation by text lengths are
vectors and the basis for carrying out it. It consists ofPrevented by the denominator in equation (1). To the number
two subsections and assumes that a corpus is required f8f t€xts, IV, it costs quadratic complexity)(N?), to build
performing the operation. In section I1-B1, we describe thethe above matrix.
process of constructing the similarity matrix from a corpus. Let us characterize the above similarity matrix, mathe-
In section 111-B2, we define the string vector formally and Matically. Because each column and row corresponds to
characterize the operation mathematically. Therefore, thi§S same text in the diagonal positions of the matrix, the
section is intended to describe the similarity matrix and thediagonal elements are always given 1.0 by equation (1).
operation on string vectors. In the off-diagonal positions of the matrix, the values are
1) Similarity Matrix: This subsection is concerned with always given as normalized ones between zero and one,
the similarity matrix as the basis for performing the semantidoecause o < 2|T; NT;| < |T;| +|T}| from equation (1). It
operation on string vectors. Each row and column of thdS proved that the similarity matrix is symmetry, as follows:

similarity matrix corresponds to a word in the corpus. The . AT, N Ty 2|T; N Ty
similarities of all possible pairs of words are given as sij = sim(t tj) = |T‘\l+ |13}| = |T‘|]Jr 7,
normalized values between zero and one. The similarity ! / ’ !
matrix which we construct from the corpus is thée x N = sim(t;,t;) = sj;
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Therefore, the matrix is characterized as the symmetry applies as follows:
matrix which consists of the normalized values between zero d
and one. Sim(StI‘h StI‘g) = l Z sim(d“, dgl)
The similarity matrix may be constructed automatically d~
from a corpus. TheN texts which are contained in the X
corpus are given as the input and each of them is indexed _ lZsz'm(d . dyi) = sim(stra, str)
into a list of words. All possible pairs of words are generated d 2n Cn S
and the similarities among them are computed by equatioHE the two string vectors are exactly same, its similarit
(2). By computing them, we construct the square matri><beCOmeS 10 asgfollow3' y ' y
which consists of the similarities. Once making the similarity ' :
matrix, it will be used continually as the basis for performing if str; = strowith V;sim(dy;,ds;) = 1.
the operation on string vectors. d
2) String Vector and Semantic Similarityfhis section then sim(stry, stra) = 1 Zsim(dmd%) _
is concerned with the string vectors and the operation on d ]
them. A string vector consists of strings as its eIementsH .
. . ; . owever, note that the transitive rule does not apply as
instead of numerical values. The operation on string vectorﬁ)uows_
which we define in this subsection corresponds to the '
cosine similarity between numerical vectors. Afterward, we  if sim(stry,stry) = 0.0 and sim(stry, strs) = 0.0
characterize the operation mathematically. Therefore, in this
section, we define formally the semantic similarity as the

i=1

=1.0

Qla, <

then, not alwaysim(stry, strs) = 0.0

semantic operation on string vectors. We need to define the more advanced semantic operations
The string vector is defined as a finite ordered set ofon string vectors for modifying other machine learning
strings as follows: algorithms. We define the update rules of weights vectors
which are given as string vectors for modifying the neural
str = [stry, stry, ..., strq] networks into their string vector based versions. We develop

An element in the vectorstr; indicates a text identifier the operations which correspond to computing mean vectors

which corresponds to its attribute. The number of elementg.}[/r:ar nuvr(]/erlcal Y;CtotLS’ forh modﬂ‘;;lng lth(ta. k means altg(;-
of the string vectorstr is called its dimension. In order to rthms. YVe consider the scheme of se’ecting representative

perform the operation on string vectors, we need to definé’ector among string vectors for modifying the k medoid

the similarity matrix which was described in section I1I-B1, algo::.thmls S0 Wel W|I!thcov9r th% mod|f|ctat|on ofhother
in advance. Therefore, a string vector consists of stringsr,‘naC INE learning algorithms 1n subsequent researches.

while a numerical vector does of numerical values. C. Proposed Version of KNN
We ne_ed _to_define_the _semantic operation_which is call_ed This section is concerned with the proposed KNN ver-
'semantic similarity in this research, on string vectors; it 5ion a5 the approach to the text categorization. Raw texts
corresponds to the cosine similarity on numerical vectorsy e encoded into string vectors by the process which was
We note the two string vectors as follows: described in section llI-A. In this section, we attempt to the
traditional KNN into the version where a string vector is
given as the input data. The version is intended to improve
the classification performance by avoiding problems from
encoding texts into numerical vectors. Therefore, in this
where each element; anddsy; indicates a text identifier. section, we describe the proposed KNN version in detail,
The operation is defined as equation (2) as follows: together with the traditional version.
The traditional KNN version is illustrated in Figure 2. The
. 1< sample words which are labeled with the positive class or the
sim(stry, strz) = o Z‘%m(d”’ dai) (2) " negative class are encoded into numerical vectors. The sim-
=1 ilarities of the numerical vector which represents a novice
The similarity matrix was constructed by the scheme whichword with those representing sample words are computed
is described in section 1lI-B1, and theim(di;,d2;) IS  using the Euclidean distance or the cosine similarity. The
computed by looking up it in the similarity matrix. Instead k most similar sample words are selected as the k nearest
of building the similarity matrix, we may compute the neighbors and the label of the novice entity is decided by
similarity, interactively. voting their labels. However, note that the traditional KNN
The semantic similarity measure between string vectorsersion is very fragile in computing the similarity between
may be characterized mathematically. The commutative lawery sparse numerical vectors.

stry = [stry1, stria, ..., strig]

StI‘Q = [St’l’gl, StT’227 T St’r‘gd]
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Cosine Similarity

Training Examples or cally than numerical vectors, it is easy to trace results from
Euclidean Distance i . . . . .
o classifying items in the proposed version. It is assumed that
A [a“""”'d]?<): a novice item is classified by voting the labels of its nearest
neighbors. The similarity between string vectors is computed
. by the scheme which is described in section 111-B2. We may
-------- [> R extract the similarities of individual elements of the novice
string vector with those of nearest neighbors labeled with the
[ ]+ + classified catfagory. Therefore, Fhe semantic similarities_ p!ay
[ayay,]- — E> :> or role of the evidence for presenting the reasons of classifying
[ 1— the novice one so.

la(N oy 1)LiJ_ 7

K most similar
vectors

D. Application to Text Segmentation

Figure2. The Traditional Version of KNN This section is concerned with the scheme of applying the
proposed KNN version which was described in section III-C
to the text segmentation task. Before doing so, we need to
Separately from the traditional one, we illustrate thetransform the task into one where machine learning algo-
classification process by the proposed version in Figure Jithms are applicable as the flexible and adaptive models.
The Sample texts labeled with the pOSitive or negative ClaSWe prepare pairs of adjacent paragraphs which are labeled
are encoded into String vectors by the process described wnh ‘boundary’ or ‘not’ as the Samp]e data. The paragraph
section IlI-A. The Slmllarlty between two String vectors is pairs are encoded into String vectors by the scheme which
computed by the scheme which was described in sectioas described in section Il-A. Therefore, in this section,
11-B2. |dentica”y to the traditional VerSion, in the proposed we describe the process of Segmenting the given text into
version, the k most similarity samples are selected, and thgyptexts by their contents, automatically using the proposed
label of the novice one is decided by voting ones of sampleKNN with the view of text segmentation into a classification
entities. Because the sparse distribution in each string vectggsk.
is never available inherently, the poor discriminations by The text Segmentation is mapped into a binary classifica-
sparse distribution are certainly overcome in this researchtjon, as shown in figure 4. A text is given as the input, it is
partitioned into paragraphs by carriage return, and the pairs

Training Examples P of adjacent paragraphs are extracted by sliding them. Each
_ Sting Vectors — pair of them is classified into either of the two categories:
String Vector 1+ ———— String Vector <): = ‘boundary’ and ‘not’. In the text segmentation system, the

topic boundary is marked between two adjacent paragraphs

which are classified into ‘boundary’. For doing so, we need

........ :> B to collect paragraph pairs which are labeled with one of the
two labels as sample examples, in advance.

B Boundary
C>{ Classifier j<
5 Not

Figure3. The Proposed Version of KNN Figure4. Transformation of Text Segmentation into Binary Classification

String Vector 2 + —

String Vector N-1 - -

[ 1+ -
String Vector N - — |::> [ ]_ |::> (ir

K most similar
string vectors

Text

We may derive some variants from the proposed KNN As sample examples, we need to collect paragraph pairs
version. We may assign different weights to selected neighwhich are labeled with one of the two categories, before
bors instead of identical ones: the highest weights to thearrying out the text segmentation. The text collection should
first nearest neighbor and the lowest weight to the last onebe partitioned into sub-collections which are called domains,
Instead of a fixed number of nearest neighbors, we seledly their contents, manually or automatically. In each sub-
any number of training examples within a hyper-spherecollection, texts are partitioned into paragraphs, pairs of
whose center is the given novice example as neighbors. Thadjacent paragraphs are generated, and they are labeled with
categorical scores are computed proportionally to similaritiesne of the two categories, manually. We assign classifier
with training examples, instead of selecting nearest neighto each domain and train it with the paragraph pairs in its
bors. We may also consider the variants where more thatorresponding domain. When a text is given as the input, we
two variants are combined with each other. select the classifier which corresponds to the domain which

Because string vectors are characterized more symbolis most similar as the text.
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Let us consider the process of applying the KNN to the [4] T. Jo, “Topic Spotting to News Articles in 20NewsGroups with
text segmentation which is mapped into a classification task. NTC, , Lecture Notes in Information Technology”, pp50-56, No
A text is given as the input, and we select the classifier 7, 2011.

trai'ned'with the Ia}beled parggraph pairs .within 'tr']e subgrou%] T. Jo, “Definition of String Vector based Operations for Train-
which is most similar as it. The text is partitioned into ~ “ing NTSO using Inverted Index”, pp57-63, Lecture Notes in
paragraphs, pairs of adjacent ones are generated by sliding Information Technology, No 7, 2011.

them, and each pair is classified into ‘boundary’ or ‘not’.
The topic boundary is marked in the position between th
paragraph pairs which are labeled with ‘boundary’. If all
pairs are classified into ‘not’, the text is treated as one aboyty] H. Lodhi, C. Saunders, J. Shawe-Taylor, N. Cristianini, and C.
a single topic. Watkins, “Text Classification with String Kernels”, pp419-444,
Even if both the text segmentation and the text cat- Journal of Machine Learning Research, Vol 2, No 2, 2002.

egorization belong to the classification task, we need t%] C. S Leslie. E. Eskin A Cohen J. Weston. and W. S
compare them with each other. In the text categorization, Noble, “Mismatch String Kernels for Discriminative Protein

a text is given as an entity, while in the text segmenta- cCassification”, pp467-476, Bioinformatics, Vol 20, No 4, 2004.
tion a pair of adjacent paragraphs is done so. In the text . .
categorization, the topics are predefined manually based dfll R. J. Kate and R. J. Mooney, “Using String Kernels for

the prior knowledge, whereas in the text segmentation, the L€&ming Semantic Parsers”, pp913-920, Proceedings of the
two categories. ‘boundary’ and ‘not’. are initially diven 21st International Conference on Computational Linguistics and

9 » boundary ’ y 9 ’ the 44th annual meeting of the Association for Computational
In the text categorization, the sample texts may span over |inguistics, 2006.

various domains, whereas in the text segmentation, the

sample paragraphs should be within a domain. Thereford10] T. Jo, “Single Pass Algorithm for Text Clustering by Encod-
although the text segmentation belongs to the classification :Clgltpocé‘_m%”ts_ I?tOVT?lilfsl\’J pgyggblg 57, Journal of Korea
task, it should be distinguished from the topic based text ulimedia society, Vol 1, Mo Le, '

categorization. [11] T. Jo, “Device and Method for Categorizing Electronic Docu-

ment Automatically”, Patent Document, 10-2009-0041272, 10-
IV. CONCLUSION 1071495, 2011.

é6] F. Sebastiani, “Machine Learning in Automated Text Catego-
rization”, ppl-47, ACM Computing Survey, Vol 34, No 1, 2002.

We need to consider the remaining tasks for doing the12 T Jo N lized Table Matching Aldorith A h
further res_earch. We_WiII apply_ and valida_t_e the pr_oposed t]o T'ex(t)’Cat%gg?i;;?ion“z,i p383g}g4ggSof§tlog;r:1npti?ng,pglgfalcg,
approach in segmenting a text in the specific domains such ng 4, 2015,

as medicine, engineering, and law, rather than the general

domains. In order to improve the performance, we may[13] T. Jo, “Inverted Index based Modified Version of K-Means
consider various types of features of string vectors. As Algorithr_n for Text Clustering”, pp67-76, Journal of Information
another scheme of improving the performance, we define "r0cessing Systems, Vol 4, No 2, 2008.

and combine multiple similarity measures between twori4] T, Jo, “Representationof Texts into String Vectors for Text
string vectors with each other. By adopting the proposed Categorization”, pp110-127, Journal of Computing Science and
approach, we may implement the text segmentation system Engineering, Vol 4, No 2, 2010.

as a module or an independent system. .
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